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Motivation & Overview

Dark Energy

w=?

Mission: To understand the nature of dark energy
* Using the Dark Energy Camera to search for Supernovae la
* Using Bayes Theory to do the statistical analysis in order to understand the nature

of dark energy.
* Specific challenge addressed in this talk:
 How to deal with missing data (magnitude limited survey) in a Bayesian way, in

order to:
* Use Supernovae la to do Bayesian Model Selection

* Understand and reduce systematics
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Physics concept: Using standard candles

to measure dark energy

If you have objects of a standard brightness, you can
work out how far away they are based on how bright
they appear to be.

Define the ‘observed’ distance modulus, to be the
difference between the apparent (observed) and absolute
magnitudes (brightness) of your standard object:

Mobserved = mpg — MO < absolute magnitude
apparent magnitude dark energy
The theoretical distance modulus depends on equation of

the redshift and the cosmological parameters:

/ state

theory/{z Qm,Q,{,QA, (2)}
\

redshift
matter curvature dark energy

: density density density
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Recipe:

(1) Measure the apparent
magnitude.

(2) Measure the redshift.

(3) Work out what values the
cosmological parameters
must be to get:

theory __ observed
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Evidence for Cosmic Acceleration
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Using Supernovae Type la as Standard Candles

B Band

Use the stretch and color of the SNe light 2

curves to apply small corrections to (i.e. to o as measured
standardize) their brightness. stretch
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Data: Supernova Light Curves
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Prelim DES Results! Flat wCDM
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OmegaM: 0. 314 +/-0.017
w: -1.002 +/- 0.057
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gemdthe preliminary results:

* Systematics?
e Model Selection?

Uoe Bayes Theory!
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Supernova Bayesian Hierarchical Model

b 4

(¢) () (1) (&)
Allows use of Supernova data for Bayesian Model Selection.
 Which model best explains dark energy? LCDM, Modified Gravity? Scalar

Field? Chameleon Field?
* Uses latent or hidden variables and priors to model observational data.
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Truncated data sets and Malmquist bias in SN

cosmology

Problem is that supernova data sets
are incomplete in magnitude space.
Limit of magnitude is set by
instrument and environmental
conditions.

* One solution is to discard data below
a magnitude threshold. Disadvantage
is loss of information.

e Another solution is to simulate
surveys and “correct” mB data points
to recover correct cosmology.
Disadvantage is that this cannot be
used for Bayesian model selection.

e Alternative way: Bayesian

Hierarchical Model.
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Analytic solution for Malmquist bias (missing data)
Supernova Bayesian Hierarchical Model

p(€, a, BlzT™, " m, 2™, mE"1, M)

Nobs
- obs % . 1 -~ Obs - 7‘ obs ~ Obs . )
:x/ dN // dRx dx. (Nom) H |27 Xy i exp( 9 ((Wl Qi) o5 (Wi Qt)))
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Parameters
of interest
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Parameters
of interest
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Parameters

of interest data
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Parameters

of interest data
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Parameters
data

8 oot z**lm'gmw,M Likelihood of observed data
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%o A

oc/de //dR dx i(N ﬁmz"""y*ex .
PN (Ve f L p( 2

((w;"’" —qi) EU(W™ - q.')))

/ / / / dxmnd-mudmgt: Amulz zmu

. (( fs — q,)"z:’:,"’: Wit — qa)))

X exp

missing data

Xp(Reyzo|I, M)p(¥, e, 8|1, M)

priors
ng.i ;
x=[x1c]632 wi= | Z1:i | €ER
Ci
R:a 0 2x2 -
Rx = [ 0 Rc] €ER 0',27;; am'a‘,xlt' Omi,ci
Ec.n = | Omi,z1i 0':.“ O¢, .z:la
Tmi,ci Txli,eci ac;

Marisa Cristina March

<"THE DARK ENERGCY SURVEY

(45)

] € R3x3

16




0 ‘37\0’3:0’ X% %

* P oc o X1 int
%, %, %0, % o, 0 o
%% U % %Y W% %% % B o0 o ¥
T T | mT T TIT 3 T 1 ] T T T T T T T T T T T T
I T T 1 ] Ll LI T ] T 1 T T T 1 T T 1

Constant, MO . . . .
Parameter estimation with simulated
Slope (SALT-II)

<7 Parameters a, truncated supernovae data sets.
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Summary & N

ext Steps
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Summary: Done:

If you want to do Bayesian Model
selection, you need to have the correct
Bayesian Posterior.

How do you account for missing data in a
Bayesian way?

See arXive: 1804.02474
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Analytic solution for missing data.
Tested on basic simulations.

Next Steps:

* [Include refined selection function,
test on SNANA DES like simulations.
Account for uncertainty in typi?gg.



